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Abstract
Windows are one of the major means by which building occupants control the indoor environment. This research uses results from field surveys
to formulate a method for simulation of office buildings to include the effects of window opening behaviour on comfort and energy use. The paper
focuses on: (1) what is general window opening behaviour? (2) how can we frame an ‘‘adaptive algorithm’’ to predict whether windows are open?
(3) how can the algorithm be used within a simulation to allow the effects of window opening on comfort and energy use to be quantified? We have
found that: (1) the proportion of windows open depends on indoor and outdoor conditions, (2) logistic regression analysis can be used to formulate
an adaptive algorithm to predict the likelihood that windows are open, (3) the algorithm when embedded in simulation software provides insights
not available using more usual simulation methods and allows the quantification of the effect of building design on window opening behaviour,
occupant comfort and building energy use.
# 2007 Elsevier B.V. All rights reserved.
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1. Introduction
The principle which underlies the adaptive approach to
human thermal comfort indicates that ‘‘If a change occurs such
as to produce discomfort, people react in ways which tend to
restore their comfort’’ [1]. This principle implies that if people
are uncomfortable they will take actions – including the use of
building controls – which they think will improve their comfort.
If the action is successful they will reduce or avoid discomfort.
In temperate climates the window is possibly the most
common thermal control device in any building. If people feel
hot and want to feel cooler indoors, they often open the window
to cool the indoor environment: if they are too cool and the
window is open they will close it. This window opening
behaviour is not only useful for energy saving in summer, by
reducing the need for mechanical cooling or heating, but also
provides for a beneficial interaction between the indoor and the
outdoor environments [2]. The results of this project contribute
to the current debate over how best to use natural ventilation to
achieve sustainable building design.
The use of simulation tools in building design and building
energy performance certification is becoming standard practice.
The impact of occupant behaviour on the operational energy
use of buildings is potentially very large but it is not well
represented in simulation models. The literature shows that a
variety of assumptions have been made by modellers about the
window-opening behaviour of occupants:
(1) A schedule of windows open is assumed, based on
occupancy, with or without evidence from the field [3–8].
(2) Window opening is assumed to be controlled by
temperatures, humidity, wind, rain, based on assumptions
about behaviour [9–14]. Again evidence from the field is
often absent.
(3) Windows are controlled to produce a given air flow rate or
air exchange rate [15–17], may be more related to indoor air
quality or minimum ventilation rather than thermal
comfort. This approach assumes the occupant will utilize
the window openings to achieve the design ventilation rates.
Such window opening assumptions do not necessarily
express the occupants’ actual behaviour. Thus it is necessary to
use an algorithm for window opening based on field
investigations in real offices. The main purpose of the research
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described is to develop and implement such an adaptive
algorithm for window opening for use in building simulation.
The main aims of the research are:
 To understand window opening behaviour.
 To construct an adaptive algorithm for window opening to use
in building simulation.
 To implement the algorithm in simulation software and
investigate results.
 To illustrate some effects of occupant behaviour on comfort
and energy use.




This investigation of window opening in office buildings
uses data collected in thermal comfort surveys conducted in 15
office buildings in UK between March 1996 and September
1997 [18–20]. Nine of the buildings were in the Oxford area in
the central south of England (seven naturally ventilated (NV)
and two air conditioned (AC)). Six of the buildings were in
Aberdeen on the north-east coast of Scotland (three NV and
three AC). These data are among those which have previously
been used to provide a general overview of control behaviour in
buildings [21].
Three types of survey were conducted:
1. Transverse surveys (Abdnox-trans) were conducted 1 day
each month by researchers visiting each building with
measurement instruments and with questionnaires adminis-
tered verbally to each of the subjects. The questionnaires
included subjective responses to the thermal environment at
the time of the visit as well as information on their clothing
and activity and the use of controls, including the windows.
On each visit, one set of responses was recorded from each
subject. Four thousand nine hundred and ninety-seven sets of
responses were collected from the 890 subjects (min 1, max
13, median 5, mean 5.6).
2. A longitudinal survey (Abdnox-long) was conducted during
the same period using a sub-sample of the transverse subjects.
Simple Temptrak temperature dataloggers were placed in the
working environment close to the subjects. Theywere asked to
record their thermal satisfaction, their clothing and activity,
and their use of building controls using a simplified
questionnaire filled in four times a day (early morning, late
morning, early afternoon and late afternoon). Most subjects
produced four records daily for periods of up to 3 months
though fewer than four records were sometimes recorded. In
all 35,764 responseswere collected from the 219 subjects. The
minimumnumber of responses froma single subjectwas 8 and
the maximum 780 (median 123, mean 163.3).
3. A background survey was also conducted. A questionnaire
was sent to all the subjects in the transverse survey sometime
during the survey period. This questionnaire collected
information about the subjects themselves and their attitude
to, and experience of, the building they occupied (453
subjects completed the questionnaire).
2.2. The ESP-r dynamic simulation model
The ESP-r dynamic simulation tool is open source software
which is in global use in building design and research. ESP-r
has many well developed and validated capabilities and new
capabilities are continuing to be developed, validated and
released [22,23]. ESP-r allows analysis of many different
aspects of building performance either as stand alone
investigations or as integrated studies with the different
elements dynamically coupled:
 The thermal modelling capability allows investigation of
dynamic thermal conditions inside a building in response to
variations in climate, occupancy, equipment, ventilation rate
and allows the energy requirements for heating and cooling to
be quantified.
 The airflow network capability allows ventilation paths and
components to be described in detail and their operation and
response to climate and controls to be modelled.
 The computational fluid dynamics (CFD) capability within
ESP-r allows a very detailed grid to be used for calculation
within a space and allows parameters such as air freshness,
draught, or local temperature to be established at individual
grid points.
 The plant network capability allows plant equipment to be
modelled in a range of complexities and includes renewable
energy and low carbon technology components.
 The hydronic network capability can be used to analyse wet
plant systems.
 The contaminant models can be used to evaluate moisture or
pollutant distribution and dispersal characteristics.
 Daylight and lighting analysis is available in ESP-r through
the interface to the RADIANCE ray tracing software.
 Thermal comfort model calculations such as predicted
percentage of dissatisfied (PPD) and predicted mean vote
(PMV) are embedded in ESP-r and can be used to generate
comfort metrics and statistics from simulation results.
Many control modes are modelled within ESP-r. Most
mimic standard building controls as would be executed by
a building management system including proportional
control, integral control, on/off control and optimum start
control.
Some behavioural control models have been implemented.
The Hunt model [24] for the switching on and off of office
lighting is implemented in ESP-r. The stochastic Lightswitch
2002 algorithm developed by Reinhart to predict dynamic
personal response and control of lights and blinds from field
study data and Newsham et al.’s [25] original Lightswitch
model is available [26]. Most recently Bourgois et al. developed
the SHOCC module to enable sub-hourly occupancy modelling
and coupling of behavioural algorithms such as Lightswitch
2002 across the many ESP-r domains [27].
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There is currently no behavioural model for window
opening implemented in ESP-r. Typically simulations are run
to investigate naturally ventilated building designs for summer
overheating by using indoor temperature to trigger a window
opening at a threshold and proportional control with hysteresis
above that threshold. For annual heating energy calculations it
is normal to represent the use of windows and other openings
by imposing ventilation based on diversity profiles or
ventilation requirements given in appropriate building
standards [28].
The values used in these current modelling strategies tend to
be derived from an amalgamation of data from numerous
surveys across many different buildings of similar type to define
‘‘typical’’ values which can be viewed as representing ‘‘typical
behaviour’’. While this typical behaviour may well represent
behaviour in a notional ‘‘average’’ building it has no ability to
accurately represent the range of behaviours seen in survey data
and the use of these typical values does not provide insight into
the behaviour that will actually prevail in any particular
situation.
The objective of this work is to allow the behaviour of
occupants to be predicted for a given situation and to
incorporate this behaviour in the modelling of building
performance in terms of energy and comfort. This will allow
evaluation of different design options and will ultimately assist
the design of more comfortable and lower energy buildings.
3. Evaluation of window opening behaviour as a
function of temperature
3.1. Window opening behaviour
We assume that the window opening behaviour in the
surveys was largely governed by the quest for comfort.
Characterising behaviour as a response to discomfort will mean
that it is those physical attributes of the environment which give
rise to discomfort which will motivate window opening.
Overwhelmingly thermal discomfort is caused by the indoor
globe temperature.1 Opening a window produces a mixing of
indoor and outdoor air and (when outdoor temperature is low) a
drop in indoor temperature. The length of time the window is
open is therefore governed by how long it takes for the room to
cool sufficiently for the occupants to feel cold discomfort. If the
room is not cooled enough to cause discomfort the window is
likely to remain open.
3.1.1. Air conditioned buildings
The proportion of windows open in AC buildings (0.04 in the
longitudinal survey and 0.02 in the transverse survey) is
considerably lower than is the case in the NV buildings (0.38
and 0.33, respectively) (Table 1). In AC buildings openable
windows are rare, and their use is often discouraged. For this
reason, AC buildings are excluded from further analysis.
3.1.2. Temperature
The overall proportion of windows open at each decile2 of
globe temperature and outdoor temperature for each of the
longitudinal and transverse surveys is shown in Fig. 1,
Tables 2 and 3. As expected the proportion of windows open
is strongly related to temperature. In both surveys a high
proportion of windows are open in the upper deciles of globe
and outdoor air temperature. In the longitudinal survey when
the mean temperature in deciles-10 of Tg and Tao_i are 26.1
and 22.8 8C, respectively, the proportion of windows open
are 0.73 and 0.83 (Table 2). These values are slightly higher
than for the transverse survey (Table 3). The results show, as
would be expected, that people are most likely to open
windows when both indoor and outdoor temperatures are
high.
3.1.3. Season and time of day
Seasonal differences in the number of windows open in
each NV building are shown in Fig. 2. In most buildings, the
proportion of windows open is lowest in winter, medium in
spring and autumn and highest in summer in both surveys. In
the longitudinal survey the overall proportion of windows
open is 0.69 in summer and 0.14 in winter. The proportion
of windows open gradually increases with time-of-day.
The proportion of the windows open is higher in the
Table 1
Proportion of windows open in longitudinal and transverse surveys
Building Abdnox-long Abdnox-trans AC/NV
N Mean S.D. N Mean S.D.
1-MF 4,179 0.43 0.50 514 0.51 0.50 NV
2-AL 735 0.45 0.50 196 0.42 0.50 NV
3-MN 1,621 0.00 0.05 107 0.02 0.14 AC
4-BH 1,971 0.39 0.49 402 0.30 0.46 NV
5-BB 879 0.15 0.36 225 0.03 0.16 AC
6-CL 505 0.22 0.42 143 0.21 0.41 NV
7-GT 1,263 0.32 0.47 242 0.23 0.42 NV
8-RP 1,626 0.36 0.48 188 0.48 0.50 NV
9-VW 5,538 0.46 0.50 761 0.34 0.48 NV
10-BP 2,350 0.01 0.09 371 0.00 0.00 AC
11-GH 4,150 0.36 0.48 389 0.35 0.48 NV
12-SL 3,837 0.07 0.25 430 0.04 0.21 AC
13-SN 4,255 0.35 0.48 394 0.17 0.38 NV
14-SH 1,672 0.23 0.42 349 0.23 0.42 NV
15-WH 1,183 0.00 0.03 286 0.00 0.00 AC
All AC 9,870 0.04 0.20 1,419 0.02 0.14
All NV 25,894 0.38 0.49 3,578 0.33 0.47
All 35,764 0.29 0.45 4,997 0.24 0.43
1 The measured variable in the surveys (Tg) was the temperature at the centre
of a 40 mm globe. This globe temperature is for practical purposes equal to the
operative temperature. The figures showing the field data thus use the globe
temperature. The output variable from ESP-r is the operative temperature.
2 The data were divided into 10 groups of approximately equal numbers of
observations, in ascending order of temperature. To facilitate the division of the
data into groups having approximately numbers a Normal jigger of standard
deviation 0.01 K was added to the temperature.
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afternoon (Fig. 3). Additional occupants open windows
as the temperature tends to rise towards the afternoon. In
the Abdnox-long data there are about 1500 records of
windows being opened during the day and 500 of them being
closed.
3.1.4. Active and passive subjects
Previous studies of the use of lighting suggest that behaviour
is different according to whether occupants can be classified as
‘‘active’’ or ‘‘passive’’ [27]. The present data were investigated
to find out if there is a similar tendency in the use of windows.
Fig. 1. Proportion of windows open with 95% confidence intervals at deciles of indoor globe temperature and outdoor air temperature in the longitudinal (Abdnox-
long) and transverse (Abdnox-trans) surveys (NV buildings only).
Table 2
Deciles of globe temperature, outdoor air temperature and the proportion of windows open in the longitudinal survey (NV buildings only)
Deciles Tg (8C) Tao_i (8C)
N Min Max Mean S.D. Meana S.D.a N Min Max Mean S.D. Meana S.D.a
1 2,248 8.8 20.2 19.2 1.0 0.18 0.38 2,531 6.4 3.5 1.5 1.7 0.09 0.28
2 2,249 20.2 21.2 20.7 0.3 0.27 0.45 2,532 3.5 6.0 4.9 0.7 0.17 0.37
3 2,249 21.2 21.9 21.6 0.2 0.30 0.46 2,532 6.0 8.3 7.1 0.7 0.22 0.42
4 2,248 21.9 22.2 22.1 0.1 0.33 0.47 2,531 8.3 10.2 9.3 0.6 0.24 0.43
5 2,249 22.2 22.7 22.6 0.1 0.33 0.47 2,532 10.2 12.0 11.1 0.5 0.29 0.46
6 2,249 22.7 23.3 22.9 0.1 0.37 0.48 2,532 12.0 13.6 12.8 0.5 0.34 0.47
7 2,248 23.3 23.7 23.4 0.1 0.37 0.48 2,531 13.6 15.3 14.5 0.5 0.43 0.50
8 2,249 23.7 24.1 23.9 0.2 0.47 0.50 2,532 15.3 17.4 16.3 0.6 0.52 0.50
9 2,249 24.1 25.0 24.5 0.3 0.54 0.50 2,532 17.4 20.3 18.8 0.8 0.68 0.47
10 2,248 25.0 33.5 26.3 1.2 0.75 0.44 2,531 20.3 30.8 23.2 2.5 0.84 0.36
a Proportion of windows open.
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Active and passive subjects can here be classified on the basis of
the question in the background survey: ‘‘if you have a window,
how often do you actually make adjustments?’’ The question is
answered on a four point scale (1. often, 2. sometimes, 3.
seldom, 4. never). Active and passive subjects are defined as
those who gave the response of ‘‘often’’ and ‘‘never’’. The
subjects who gave ‘‘sometimes’’ and ‘‘seldom’’ responses are
combined. The proportion of windows open and deciles of
globe temperature by active and passive subjects is shown in
Fig. 4. Of the 453 subjects who took part in the back ground,
451 took part in the transverse survey and 131 took part in the
longitudinal survey.
The proportion of windows open is highest among active
subjects and lowest in passive subjects for each deciles of globe
temperature (Fig. 4). So if people said in the background survey
that they ‘‘often’’ opened windows, they actually did open the
windows more often.
3.2. Development of an algorithm to predict window
opening behaviour
3.2.1. Logistic regression curves
The data about window opening are binary (windows
open = 1 and windows closed = 0). For binary data whose
probability varies with a stimulus (in this case temperature) a
useful statistical method is logistic regression. Logistic
Fig. 2. Seasonal differences in the proportion of windows open in the naturally
ventilated buildings in (a) longitudinal and (b) transverse surveys.
Fig. 3. Proportion of windows open with 95% confidence intervals of the
quartiles of time-of-day in longitudinal surveys (NV buildings only). The mean
time of day for each quartile is shown.
Table 3
Deciles of globe temperature, outdoor air temperature and the proportion of windows open in transverse survey (NV buildings only)
Deciles Tg (8C) Tao_i (8C)
N Min Max Mean S.D. Meana S.D.a N Min Max Mean S.D. Meana S.D.a
1 345 16.7 21.8 20.6 0.9 0.17 0.37 343 2.0 4.3 2.3 1.7 0.11 0.31
2 345 21.8 22.2 22.0 0.2 0.23 0.42 343 4.3 7.5 6.2 1.0 0.17 0.38
3 345 22.2 22.6 22.5 0.1 0.24 0.43 343 7.5 9.9 8.6 0.7 0.11 0.32
4 346 22.6 22.9 22.8 0.1 0.25 0.44 343 9.9 12.1 11.2 0.7 0.21 0.41
5 345 22.9 23.3 23.1 0.2 0.22 0.42 343 12.1 13.3 12.8 0.4 0.34 0.47
6 345 23.3 23.7 23.4 0.2 0.29 0.45 343 13.3 14.8 14.1 0.4 0.28 0.45
7 346 23.7 24.1 23.8 0.2 0.38 0.49 343 14.9 16.7 15.7 0.6 0.32 0.47
8 345 24.1 24.5 24.2 0.2 0.44 0.50 343 16.7 18.5 17.7 0.5 0.44 0.50
9 345 24.5 25.3 24.9 0.2 0.50 0.50 343 18.5 21.2 19.7 0.8 0.59 0.49
10 345 25.3 29.5 26.2 0.9 0.64 0.48 343 21.2 26.6 23.0 1.3 0.71 0.45
a Proportion of windows open.
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regression equations describing the proportion of windows
open, in each building and for all the buildings together are
shown in the Table 4. The statistical package SPSS Version 11
was used. The relationship is governed by the logit relationship:










p is the probability that the window is open, T the temperature
(indoor or outdoor), b the regression coefficient for T and c is
the constant in the regression equation. All the equations in
Table 4 are statistically highly significant ( p < 0.001). The
range of the intercepts for the different buildings is small. Using
these equations curves can be plotted, as a function of Tg or of
Tao_i. Such curves, for all the data, are shown by the continuous
lines in Fig. 5.
The proportion of windows open in the longitudinal survey
was plotted as a scatter diagram against the indoor and outdoor
temperature at the time of voting. In order to obtain the set of
Table 4
Logistic regression analysis of windows open in longitudinal and transverse surveys
Data base Building Tg (8C) Tao_i (8C)
Abdnox-long Each logit( p) = 0.374Tg  9.61  8.64 logit( p) = 0.190Tao_i  4.34  2.61
All logit( p) = 0.354Tg  8.53 logit( p) = 0.181Tao_i  2.76
Abdnox-trans Each logit( p) = 0.436Tg  11.73  10.18 logit( p) = 0.160Tao_i  3.80  2.09
All logit( p) = 0.425Tg  10.68 logit( p) = 0.157Tao_i  2.92
logit( p): log( p/1  p), p: probability that window is open, : range of intercepts of each building.
Fig. 5. Logistic regression curves of windows open as a function of (a) globe
temperature and (b) outdoor air temperature in all NV buildings in longitudinal
surveys. Three lines (left, centre and right) are the deadband of windows open. It
is found that over 80% of the points representing the proportion of windows
open occur within the deadband.
Fig. 4. Proportion of windows open in deciles of globe temperature by active
and passive subjects in (a) longitudinal and (b) transverse surveys (NV building
only). To give consistency samples of less the 10 are excluded from the analysis.
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points the data were sorted by building and indoor or outdoor
temperature and then split into groups of 25 records. These
scatter diagrams are shown for all buildings in Fig. 5. The fit
between the logit lines and the datapoints is reasonable in the
case of the outdoor temperature (Fig. 5(b)) – 80% of the points
are within 5 K of the line – though there is little data where
Tao_i > 25 8C.
For the indoor temperature Tg (Fig. 5(a)) the logit line,
although it gives an unbiased statistical prediction of the
window opening, it does not well describe the shape of the
cloud of observations. This discrepancy is due to the feed-back
nature of this type of system: the windows are opened in
response to the room temperature but the action of opening in
turn affects the room temperature.
3.2.2. ‘‘Deadband’’ of temperatures in which window
opening remains the constant
The adaptive approach suggests that the use of controls is
triggered by the discomfort of the user. The controls are used to
regain comfort. In the UK the window will generally be opened
to cool the indoor environment (and maybe also increase air
movement) and closed in response to occupants feeling cold. To
know the mean level of window opening is therefore only one
consideration in characterising the behaviour of office workers.
We need also to determine the range of temperatures over
which the windows remain unchanged. For this purpose, and in
view of the horizontal structure of the data, the regression of the
room temperature on the logit of the window opening is more
appropriate, and this was calculated for the grouped data,
making due allowance for the error in the logit arising from the
sample size of 25. In Fig. 5(a), 83% of all datapoints are within
2 K of this regression line. We adopt this value for the
‘‘deadband’’. The algorithm must include a ‘‘deadband’’,
otherwise its effect will cause instability, as window opening
and closing would occur at the same temperature.
3.2.3. Indoor and outdoor temperature in the prediction of
window opening
As we described above, the proportion of windows open
increases with the increases in both the indoor and outdoor
temperatures. The combination of these parameters provides a
good predictor for windows opening. Using multiple logistic
regression analysis of windows open on both Tg and Tao_i the














¼ 0:256Tg þ 0:131Tao i  8:5 (4)
The regression coefficient for Tg and Tao_i are similar in the
longitudinal survey but in the transverse survey the Tg term is
twice that of the Tao_i. The difference between the two
equations, while not unacceptably large, was unexpected. To
check whether it could be attributed to some form of
heterogeneity within the data sets, regression coefficients were
calculated 100 times using successive 10% random samples of
from data set. No anomalies were uncovered: regression
coefficients resulted which were consistent with the overall
equations.
Fig. 6 shows the predicted proportion open for each decile of
Tg and Tao_i compared to that which was measured. The
accuracy of prediction in the longitudinal survey (r2 = 0.95) is
higher than the transverse survey (r2 = 0.70). To test the how
robust the predictive equations are the equation for windows
open from the longitudinal survey is used to predict the values
from the transverse survey and vice versa. The proportions of
windows predicted open in each case is shown in Fig. 7 using
the values for temperature from the two different data sets. The
equation of the transverse survey predicts a somewhat higher
proportion open for the longitudinal survey and the equation of
the longitudinal survey predicts a somewhat lower proportion
for the transverse survey. The points are from the joint deciles
Fig. 6. Relation between the measured and predicted windows open in (a)
longitudinal and (b) transverse surveys. Each point represents the deciles of
outdoor temperature for each decile of globe temperature.
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of indoor and outdoor temperature. We decided to adopt the
equation from longitudinal survey for the algorithm because of
its far larger sample size and slightly wider range of data.
4. Thermal simulation incorporating the windows open
algorithm
4.1. Implementation of the windows open algorithm
in ESP-r
The windows open algorithm has been implemented in ESP-
r to allow control of windows within the airflow network of a
building model. The implementation of the algorithm in ESP-r
is illustrated in Table 5 and named the Humphreys3 adaptive
algorithm.
Daily values for running mean outdoor temperature and the
comfort temperature are calculated as described in CIBSE
Guide A [28] and the CEN standard EN15251 [29] from the
climate data and the response factor a used to calculate the
running mean outdoor temperature (the response factor can be
user input, a default value of 0.8 is suggested). The frequency at
which the Humphreys adaptive algorithm is run has been set to
hourly at present but could be varied in future.
The equations for comfort temperature are different when
the building is being heated than when it is free-running
because the indoor temperature is decoupled from the outdoor
temperature by the heating controls. In the present data, heating
systems are more likely to be on than off when the running
mean outdoor temperature (Trm) is less than 10 8C. The
equations linking comfort temperature to outdoor temperature
are therefore [28]:
for T rm > 10
C : Tcomf ¼ 0:33T rm þ 18:8 (5)
for T rm  10 C : Tcomf ¼ 0:09T rm þ 22:6 (6)
Each hour the operative temperature at a user defined point
chosen to represent the occupant position within the zone of
interest is calculated from the appropriate surface and air
temperatures and a comparison made with the comfort
temperature to indicate whether the occupant would be likely
to be warmer or cooler than desired. If the operative
temperature is more than 2 K above the comfort temperature
then the state is ‘‘hot’’, if the operative temperature is more than
2 K below the comfort temperature then the state is ‘‘cold’’.
When the occupant is ‘‘comfortable’’ (neither ‘‘hot’’ nor
‘‘cold’’), then no action is taken and the window remains as it
was.
When the occupant is not comfortable (the occupant is
‘‘hot’’ or ‘‘cold’’), then the probability of the window being
open ð pwÞ is calculated from the operative temperature (Top)
and the outdoor temperature (Tout) using the logit function
derived from the survey data (Eq. (3)). In this case the
calculated operative temperature (Top) and the climate file
outdoor air temperature (Tout) are substituted for the measured
globe temperature (Tg) and instantaneous outdoor temperature
(Tao_i) in Eq. (3) to give
logitð pwÞ ¼ 0:171Top þ 0:166Tout  6:4 (7)
From this the probability that the window is open is
calculated. To decide whether a window opening or closing
action will occur, the calculated window open probability is
compared to a random number between 0 and 1 to represent a
single throw binomial function.
If the operative state is ‘‘hot’’ and the window is closed
then the window will be opened if the random number is less
than the probability of the window being open. If the operative
state is ‘‘cold’’ and the window is open then the window will
be closed if the random number is greater than the probability
of the window being open. If the operative state is ‘‘hot’’ and
the window is open then no action is taken, and if the
operative state is ‘‘cold’’ and the window is closed then no
action is taken.
The algorithm effectively has a 4 K (2 K) deadband
around the comfort temperature as illustrated in Fig. 5 and
Fig. 7. Relation between the two predicted windows open in (a) longitudinal
and (b) transverse surveys. Each point represents the deciles of outdoor
temperature for each decile of globe temperature.
3 Among the authors Michael Humphreys bore greatest responsibility for
formulating this workable version of the algorithm.
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Table 5
Steps in the implementation of the ‘‘Humphreys’’ adaptive window open algorithm in ESP-r
No. Window algorithm parameter Symbol Sample Derivation or source
1 Outdoor air temperature Tout 1 per hour Interpolated from climate file (hourly data in file)
2 Daily mean outdoor air temperature Todm 1 per day Calculated from 24 hourly data points per day
3 Running mean outdoor air temperature (CEN) Trm 1 per day Trm(init) = (1  a) {Todm  1 + aTodm  2 + a2Todm  3. . .}
Initial value calculated from previous 20 days daily
mean then Trm = (1  a)Todm  1 + aTrm  1
4 Running mean response to Tout a Const Default a = 0.8 (0.01 to 0.99 allowed range)
5 Comfort temperature Tcomf 1 per day If Trm > 10, Tcomf = 0.33Trm + 18.8 (CEN standard)
If Trm  10, Tcomf = 0.09Trm + 22.6
6 Indoor air temperature Tai 1 per hour Available at each timestep (variable)
7 Indoor operative temperature Top 1 per hour Available at each timestep (50% mrt, 50% Tai)
8 Comfort Comf 1 per hour Comf = ‘‘yes’’ if abs(Top  Tcomf)  2K
Comf = ‘‘hot’’ if (Top  Tcomf) > 2K
Comf = ‘‘cold’’ if (Top  Tcomf) < 2K
9 Logit function Func 1 per hour Func ¼ logitðPwÞ ¼ 0:171Top þ 0:166Tout  6:43
10 Probability function for window open Pw 1 per hour Pw ¼ expðFuncÞ=ð1þ expðFuncÞÞ
11 Random number between 0 and 1 Rn 1 per hour Generated from Fortran RNG
12 Window status (0 = closed, 1 = open) iwin 1 per hour If Comf = ‘‘hot’’ and window closed (w = 0) then
if Pw>Rn then window open ðw ¼ 1Þ
If Comf = ‘‘cold’’ and window open ðw ¼ 1Þ then
















Table 6. This 2 K deadband is consistent with the analysis by
Nicol and Humphreys using a wide range of data from the UK
and Europe [28,30].
Because the data were collected during occupation nothing
is known about the opening of windows outside office hours. In
the absence of data, one possible approach to window closing at
night is to allow the windows to be closed according to the
algorithm. The effect of this approach is that in the winter,
spring and autumn any open windows close during or soon after
the end of occupancy, while in the summer they stay open into
the evening on warmest days. This approach would mimic
security guards being asked to close the windows later on in the
summer time. Alternatively it can be specified that all windows
will be closed and remain closed after a fixed time (possibly to
coincide with the end of occupancy).
4.2. Some results using the modelled window opening
behaviour
4.2.1. The office model
To demonstrate the operation of the algorithm a simple
naturally ventilated cellular office was chosen. The cellular
office used is a ‘‘Type 1’’ office as defined in ECON19 [31]
which is widely used for benchmarking of energy use in UK
offices.
The cellular office is set within a larger open plan office
space as shown in Fig. 8. The cellular office faces south and is
constructed to represent a typical 1990s office with a 22.5 m2
floor area within a thermally lightweight building. External
walls have a brick outer layer, an air gap, mineral wool
insulation between studs, plasterboard and a thin plaster skim.
The floor is of suspended timber on joists with underlay and
carpet. The ceiling is of plasterboard with a thin plaster skim on
wooden joist. Glazing is of a standard double glazing type as
used in the 1990s. The internal walls are of plasterboard
partition type. Normal office heating, lighting, occupancy and
equipment schedules were applied and the office was set in an
east of Scotland climate. The heating setpoint used was 22 8C
and a start up period used to achieve this by the beginning of
occupancy. An airflow network was established to represent
background infiltration openings as well as the openable
windows.
4.2.2. Comfort and simulated window open behaviour in
the office model
The model was run through annual simulations with the
Humphreys adaptive algorithm controlling the window open-
ing. The simulations showed that the proportion of occupied
days when the window was opened at some time during the day
varied from 0.05 in thewinter to 0.59 in the summer. The results
are shown in Fig. 9 and show a trend consistent with that seen
in the survey data which is shown for comparison (cf. Fig. 2).
The model was also run through the annual simulation with the
windows constantly closed to investigate the effect that the
Fig. 9. The proportion of occupied days when the window is opened predicted
using the Humphreys algorithm in a modelled building in Dundee (see Fig. 8) in
1980 compared to measured proportions of windows open in three naturally
ventilated buildings in Aberdeen (from Abdnox-trans) in 1996/1997.
Fig. 10. Peak operative temperature in roommodelled with occupant behaviour
as predicted by the Humphreys adaptive algorithm and in the same room where
the windows are always closed.
Table 6
Illustration of deadband implementation for the Humphreys algorithm
Limit of the deadband Description
Top > Tcomf + 2K Adaptive probability of window open
Top>Tcomf Deadband
Tcomf Deadband
Top < Tcomf Deadband
Top < Tcomf  2K Adaptive probability of window close
Fig. 8. Representation of the cellular office (labelled ‘‘office’’) located within
the larger open plan office area (labelled ‘‘corridor’’). The office window faces
south.
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window opening was having. Results for the Humphreys
adaptive algorithm compared to windows closed are shown in
Figs. 10 and 11. The window opening behaviour reduced the
peak temperatures by up to 4.6 K while greatly reducing the
number of occupied hours with operative temperatures above
28 8C.
A more detailed analysis of time, temperature and energy
flow for a summer’s day is shown in Fig. 12. In this case the
window is opened around noon when the operative temperature
is around 26 8C. The outdoor temperature peaks at around
23 8C at 14:00 while the indoor operative temperature peaks at
27 8C around 16:00. The incoming air energy flow represents
the cooling available to the office from inflow of outside air
after the window is opened. Initially there is less than 200 Wof
cooling due to the relatively high outdoor temperature but the
cooling increases to around 300 W by 17:30 as the outside
temperature drops relative to the indoor operative temperature.
The operative temperature continues to rise until 16:00 even
after the window is opened as the cooling effect is not sufficient
to offset the heating due to solar gains, casual gains and
increasing outdoor temperature.
Fig. 13 shows the same time period but with the windows
remaining closed. In this case the internal operative tempera-
ture continues to rise to a peak of approximately 30 8C around
17:00. In this example the window opening behaviour appears
to reduce the peak temperature by around 2.5 K on that day.
4.3. Impact of window opening behaviour on energy use
4.3.1. Using the Humphreys adaptive algorithm compared
to averaged ventilation rates
The cellular office model was used for analysis of the annual
energy consumption for space heating. The model was run with
and without the Humphreys adaptive algorithm. In the casewith
the algorithm the windows were allowed to open during
occupied hours only and the windows were closed outwith the
occupied periods.
Fig. 12. Temperatures and energy flows for a summer day with the Humphreys
adaptive algorithm. The lines represent the outdoor air temperature, the indoor
operative temperature (open symbols) and the energy flows from the convective
cooling by the incoming air, the heat gains from occupants, equipment and
lights and the incoming direct solar heating absorbed in the surfaces of the
office.
Fig. 13. Temperatures and energy flows for the same summer’s day as for
Fig. 12 but with the windows remaining closed.
Fig. 14. Comparison of the heating energy demand where ventilation is
modelled as a constant averaged value of 8 l/s for each occupant (l/s/p) and
for ventilation modelled using the Humphreys adaptive algorithm.
Fig. 11. The percentage of occupied hours when the operative temperature
exceeds 28 8C modelled using the Humphreys adaptive algorithm and when the
windows are always closed.
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Where the window open algorithm was not used it was
assumed that occupants would adjust the window openings or
trickle vents to achieve an averaged ventilation rate of 8 litres per
second per person during occupied hours and that a background
infiltration rate of 0.25 air changes per hour occurred outside
occupied times. This averaged ventilation rate assumption is of a
type commonly used in annual energy demand calculations for
naturally ventilated (ECON19 type 1) offices [28,31].
The results extracted from the simulations for the annual
space heating energy demand for each ventilation model are
shown in Fig. 14. It can be seen that the use of the algorithm
gave around 4% lower energy demand than for the averaged
ventilation rate assumption.
Overall the normalised heating energy demand requirements
for the two cases were 105 kWh/m2 per annum for the
Humphreys adaptive algorithm and 109 kWh/m2 per annum for
the averaged ventilation rate. Both of these values are consistent
with the range for type 1 offices given in ECON19 of 151 kWh/
m2 per annum for ‘‘typical’’ and 79 kWh/m2 per annum for
‘‘best practice’’ where typical heat delivery system efficiencies
are assumed.
4.3.2. Effect of office building design on behaviour and
energy use
To illustrate the impact of office design parameters on
occupant behaviour and ultimately on energy use in buildings a
second and third version of the office model were created with
alternative design features. The second office is identical to the
original except for the addition of an external shade above the
officewindow as shown in Fig. 15. The third variant has the same
external shade as the second but also has an exposed concrete
ceiling to provide some thermal mass to the room as a
replacement for the thermally lightweight ceiling [32].
The three office models were initially simulated using the
averaged ventilation rate assumption. The results show that
using this averaged ventilation assumption the effect of the
shade is to slightly reduce the solar gains and therefore increase
slightly the heating energy demand from 109 to 112 kWh/m2
per annum and the effect of the thermal mass added to the
shaded office is to offset the effect of the shade and give a
heating energy demand of 108 kWh/m2 per annum.
Next the effect of the shade and the thermal mass were
evaluated using the Humphreys adaptive algorithm. The results
are shown in Figs. 16–18. It can be seen that the effect of the
shade is to reduce the number of days when the occupants are
hot and therefore reduce the number of occupied days when the
window is opened, this effect is biggest in the spring and the
Fig. 16. The proportion of occupied days the windows are opened with and
without the external shade, modelled using the Humphreys adaptive algorithm.
Fig. 17. The percentage of occupied hours when conditions in the office are
‘‘hot’’ (Top > Tcomf + 2).
Fig. 18. The annual heating energy requirement for the baseline (no shade), the
shaded office (shaded) and the shaded office with exposed thermal mass ceiling
(shade + mass) calculated using the adaptive Humphreys algorithm (adaptive)
and using the average ventilation rate assumption (8 l/s/p).
Fig. 15. The cellular office showing the external shade above the officewindow.
(Note that the cellular office is still situated within the larger open plan building
as shown in Fig. 8.)
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autumn. The addition of thermal mass to the shaded office
shows a significant effect on the window opening frequency as
the thermal mass slows down the temperature response to gains
and means that for this particular building and climate the
temperatures only occasionally cause the occupants to open the
windows.
The combined effect of the shade with the thermal mass on
space heating energy requirement modelled using the Hum-
phreys algorithm is to reduce annual heating energy demand
from 105 to 98 kWh/m2 per annum. In this case the model
predicts that the thermal mass has a larger effect than the
increase in heating load due to the slight reduction in solar
gains.
The Humphreys adaptive algorithm predicts that a shaded
office with thermal mass will be more comfortable and have
lower heating energy demands in part due to fewer window
opening events during heating periods. The averaged ventila-
tion rate assumption makes no link between occupant comfort
and energy use and predicts a much smaller effect on energy
consumption.
The average ventilation rate approach is shown to be less
sensitive to building design parameters than the Humphreys
adaptive algorithm. In the case of the shaded office with the
exposed concrete ceiling the average ventilation approach gives
a 10% higher estimate of annual heating energy requirement
than the Humphreys adaptive algorithm (108 kWh/m2 for 8 l/s/
p v. 98 kWh/m2 for the Humphreys adaptive algorithm) and
does not show the effect of improved thermal comfort on the
natural ventilation rate.
In this study the effect of building design and occupant
behaviour on heating energy demand has been illustrated using
the simple naturally ventilated office in an east of Scotland
climate. The adaptive algorithm approach can be used to
provide similar insights in all applications where occupant
controlled natural or hybrid ventilation is being considered
including assessment of summer and winter performance for
current or future climates.
The main advantage of this method compared to other
methods is that it comprehends the impact of adaptive comfort
driven window opening behaviour specific to the building and
climate rather than making more generalised assumptions.
4.4. Discussion of the development of the Humphreys
adaptive algorithm and its implementation in ESP-r
The work described in this paper is ongoing. The method
used to derive the relationship of window opening to indoor
and outdoor temperature expressed in Eq. (3) is entirely
empirical and the ‘‘width’’ of the window-opening deadband
is approximate and may need revision. A more rigorous
behavioural treatment is being developed which may improve
the algorithm, but the authors expect that this will not greatly
change the simulation results presented in this paper.
The model as implemented represents behaviour inferred
from the existing thermal comfort study data and it will be
tested against other databases. There are many parameters
which may have an effect on occupant comfort, behaviour
and ultimately energy use. It is planned to use the simulation
model to carry out a sensitivity study across the many
permutations and identify parameters that may be of most
importance.
The information may be used to improve data gathering in
future thermal comfort studies. In turn these future studies will
allow the Humphreys adaptive algorithm to be developed and
validated further. A future stage of this research may also
involve returning to buildings included in the original thermal
comfort studies to gather details such as the extent of the
window opening, the immediate and longer-term response of
the indoor temperature, records of occupant’s motivation in
opening the window and other parameters that were not
captured in the original study.
Understanding occupant behaviour is important for predic-
tion of operational energy use in buildings and the adaptive
algorithm is particularly relevant to the current discussion of the
sustainability of naturally, mechanically and hybrid ventilated
buildings. In naturally ventilated buildings this algorithm also
has implications for other building parameters such as thermal
mass and solar shading.
It has often been experienced that operational energy used is
higher than the design prediction, the comfort driven adaptive
behaviour of occupants is one potential source of this
discrepancy. We believe that by incorporating behavioural
models in simulation tools the relationships between buildings,
occupant comfort, occupant behaviour and energy use will be
comprehended and ultimately this will lead to more successful
building design.
The use of the Humphreys adaptive algorithm in the
dynamic building simulation software will assist in identifica-
tion of buildings which may perform poorly and assist in the
development of robust solutions. There is a risk that buildings
built today as naturally ventilated may in fact prove to be
uncomfortable and require the retrofit of air conditioning, the
use of the Humphreys adaptive algorithm within simulation
software would assist in avoidance of this scenario.
A side benefit of this work has been the implementation of
the CEN standard EN15251 adaptive comfort temperature
calculation within ESP-r.
5. Conclusions
To evaluate the thermal effects of window adjustment, the
relationship between the likelihood that a window is open and
the indoor globe (Tg) and outdoor air (Tao_i) was quantified.
The following results were obtained:
(1) The proportion of windows open is lowest in winter,
medium in spring and autumn and highest in summer and
can be shown to be a function of the indoor and the outdoor
temperature.
(2) The temperature band between opening and closing
windows (the ‘‘deadband’’) is some 4 K.
(3) An algorithm for window opening was developed based on
the adaptive principle that actions of this kind are taken to
reduce discomfort.
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(4) The longitudinal and transverse surveys produced generally
similar predictions for the distribution of windows open and
closed.
(5) An algorithm (the Humphreys adaptive algorithm) has been
implemented in ESP-r which uses adaptive theory to predict
the probability that windows will be open. The algorithm
gives similar results to those extracted from the survey data.
The window open behaviour as represented by the
algorithm is shown to be more sensitive to changes in
building design parameters than a non-adaptive approach.
(6) The implementation of the Humphreys adaptive algorithm
in a simulated office suggests that improved building design
leads to improved comfort, reduced adaptive behavioural
use of windows and a reduction in annual heating energy
demand from 105 to 98 kWh/m2.
(7) It is suggested that an adaptive algorithm will better
represent human control of windows and allow a more
accurate assessment of human thermal comfort conditions
and building performance including summer overheating
and annual energy use.
(8) The algorithm embedded in simulation software will assist
in the design of more comfortable and energy efficient
buildings.
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